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A Brain Machine Interface (BMI) agent (110) is provided,
that when operatively coupled to a subject during a mental
task by the subject to control a prosthetic device (130), moni
tors one or more states (125) of neural activity of the subject,
receives feedback associated with a behavior of the prosthetic
device responsive to the control, learns a functional mapping
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feedback, and applies at least one control action (115) to the
prosthetic device in accordance with the learning to control
the prosthetic device for a targeted behavior.
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SYSTEMAND METHOD FOR BRAIN

MACHINE INTERFACE (BMI) CONTROL
USING REINFORCEMENT LEARNING
STATEMENT AS TO FEDERALLY SPONSORED
RESEARCH

0001. The invention was made with U.S. government Sup
port under grant number CNS-0540304 awarded by the
National Science Foundation. The U.S. government may
have certain rights in the invention.
CROSS-REFERENCE TO RELATED
APPLICATIONS

0002. Not applicable.
FIELD OF THE INVENTION

0003. The present invention relates to the field of biomedi
cal signal processing, and more particularly, to a system and
method for Brain Machine Interface (BMI) control using
reinforcement learning.
BACKGROUND

0004. The number of patients suffering from motor neu
ropathies increases every year. Traumatic spinal cord injury,
stroke, neuro-degenerative diseases, and amputations are a
few of the conditions that lead to motor control deficits.

Patients with such conditions can benefit from prosthetic
technologies to replace missing or nonfunctional limbs, or
technologies to restore muscle control and function.
0005 Traditionally, Brain Machine Interface (BMI)
research has attempted to find functional relationships
between neuronal activity and goal directed movements using
Supervised learning (SL) techniques in an input-output mod
eling framework. This approach fundamentally requires
knowledge of the inputs (neural activity) and a desired
response (behavioral kinematics). However, the requirement
of behavioral kinematics (patient movements) is a fundamen
tal limitation when applying BMI technology in the clinical
setting with patients that may be otherwise unable to provide
a desired response (e.g. physical movements) to train the BMI
system.

0006. Accordingly a need exists for a system and method
for BMI control that uses a semi-supervised learning para
digm, Such as reinforcement learning. This control system
allows the patient to learn to control the BMI. Additionally,
the BMI can adapt to the patient’s behavior.
SUMMARY

0007. One embodiment is a Brain Machine Interface
(BMI) agent, that when operatively coupled to a subject dur
ing a mental task by the Subject to control a prosthetic device,
monitors one or more states of neural activity of the Subject,
receives feedback (e.g. reward) associated with a behavior of
the prosthetic device responsive to the control, learns a func
tional mapping between the mental task and the behavior in
view of the feedback, and applies control actions to the pros
thetic device in accordance with the learned functional map
ping to maneuver the prosthetic device for a targeted behav
ior.

0008. The BMI agent can include a detection system to
detect and collect neurophysiological signals comprising
control action potentials of single or ensembles of neurons in

Jun. 3, 2010

a neural structure, an analysis system to determine the states
of the neurophysiological signals and asses one or more
rewards associated with the behavior of the prosthetic device,
and a controller that applies the control action to the pros
thetic device to adjust the behavior of the prosthetic device in
accordance with the functional mapping. The analysis system
can include a neural network that generates the functional
mapping between the States and the control actions of the
prosthetic device using reinforcement learning (RL) to learn
an association between the states and the control actions. At

the same time, the user is learning the relationship between
their own brain activity and BMI control. This interaction of
two learning systems is called co-adaptation.
0009. In one arrangement, the neural network comprises a
Gamma structure front-end with time varying Gamma weight
kernels, and agreedy policy back-end to evaluate exploratory
control actions of the prosthetic device that produce a targeted
behavior. In one configuration, the neural network can learn
from sequences of state-control action pairs using Watkins
Q(W) reinforcement learning (RL) or any other RL learning
technique (e.g. SARSA, Q learning, TD-learning, etc). The
neural network can use the one or more rewards to update
(learn) the functional mapping, wherein the reward is pro
vided responsive to a prior controlled movement of the pros
thetic device, and the state is a spatio-temporal neural firing
pattern. It should be understood that the Gamma front-end
time delay and the greedy policy back-end are but one
example used in an embodiment and that any number of
different front-ends or back-end policies can be used within
contemplation of the claimed embodiments herein.
0010. The detection system can include an array having a
plurality of electrodes forming a multi-site array to record
neural activities, and a spike Sorter to extract neural firing
features from the neural activities and distinguish between
neurons generating the neural activities. The analysis system
can evaluate the detected and collected neurophysiological
signals and perform a real-time control action of neuron firing
features, and from the neuron firing features determine the
state-action pairs associated with the one or more rewards.
0011. Another embodiment is a neural prosthetic system
that can include a micro-electrode array electro-chemically
coupled to a neural structure of a subject to capture neural
activity in the neural structure, a prosthetic device that per
forms one or more behaviors for the subject in accordance
with the neural activity, and a Brain Machine Interface (BMI)
agent operatively coupled to the micro-electrode array and
the prosthetic device. The BMI agent can monitor one or more
states of the neural activity, receive feedback associated (in
cluding extracting reward signals from the brain) with a
behavior of the prosthetic device, learn a functional mapping
between the neural activity and the one or more behaviors in
view of the feedback, and apply an control action to the
prosthetic device in accordance with the learning to control
the prosthetic device for a targeted behavior. In one arrange
ment, the prosthetic device is a robotic appendage, and the
BMI agent controls the robotic appendage in a three-dimen
sional coordinate space in accordance with the one or more
states of the neural activity. The target behavior can be a
positioning of the robotic appendage endpoint along at least
one point of a three-dimensional trajectory in the three-di
mensional coordinate space.
0012. The BMI agent can include a detection system com
municatively coupled to the micro-electrode array to deter
mine neural firing rates from the neural activity, an analysis
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system communicatively coupled to the detection system to
determine the states from the neural firing rates, and a con
troller to apply an control action to the prosthetic device to
adjust the behavior of the prosthetic device in accordance
with the functional mapping. The analysis system can include
a neural network that generates the functional mapping
between the states and the control action of the prosthetic
device using reinforcement learning (RL) to learn (while
co-adapting with the patient) an association between the
states and the control action. The neural network can include

a Gamma structure front-end with arbitrary time varying
Gamma weight kernels, and a Greedy policy back-end to
evaluate exploratory control actions of the prosthetic device
that produce a targeted behavior. The neural structure can be
within the motor-cortex, sensory cortex, parietal cortex, cer
ebellum, red nuclei, basil ganglia, limbic system, hippocam
pus, entorhinal cortex, CA1., CA2, CA3, dentate, and hippoc
ampal commissure. The BMI agent can be implemented in a
Digital Signal Processor, an Application Specific Integrated
Circuit (ASIC), a programmable memory, a Random Access
Memory (RAM), a Read Only Memory (ROM), micro-con
troller, or any other computer readable or programmable stor
age medium.
0013 Yet another embodiment is a method for Brain
Machine Interface (BMI) control. The method can include
capturing neural signals in a neural structure of a subject
during a mental task by the Subject to control a prosthetic
device, receiving feedback associated with a prior behavior of
the prosthetic device responsive to the control, learning a
functional mapping between the mental related task and the
behavior in view of the feedback; and applying an control
action to the prosthetic device in accordance with the learning
to control the prosthetic device for a targeted behavior.
0014) A neural network can receive as input the neural
signals and one or more rewards associated with the behavior
of the prosthetic device, and adapt one or more weights of the
neural network using a reinforcement learning policy that
associates one or more states of the neural activity with a
control action for the prosthetic device. The method can
include pre-processing the neural signals with a non-linear
gamma time-delay kernel prior to input to the neural network,
and implementing a e-greedy policy (or other policy) back
end to evaluate exploratory control actions of the prosthetic
device that produce a targeted behavior.
0015. In one arrangement, the neural network can control
an endpoint position of a robotic appendage of the prosthetic
device operating in a three-dimensional space to reach a set of
targets. The one or more rewards identify positions of the
robotic appendage in the three-dimensional space, wherein a
positive reward is generated when the robotic appendage
reaches a target location. The neural network can be trained
using semi-Supervised learning with inputs corresponding to
the one or more input states composed of the neural signals
and outputs corresponding to the positions of the robotic
appendage. The neural network can learn from sequences of
state-control action pairs that generate movement trajectories
of the robotic appendage.
BRIEF DESCRIPTION OF THE DRAWINGS

0016 Various features of the system are set forth with
particularity in the appended claims. The embodiments
herein, can be understood by reference to the following
description, taken in conjunction with the accompanying
drawings, in which:
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0017 FIG. 1 depicts an exemplary embodiment of a Brain
Machine Interface (BMI) system;
0018 FIG. 2 depicts another exemplary embodiment of
the BMI system of FIG. 1;
0019 FIG.3 depicts an exemplary method operating in the
BMI system;
0020 FIG. 4 depicts an exemplary neural network and
additional components used for a reinforcement learning
BMI (RLBMI);
0021 FIG. 5 depicts an exemplary set of control actions
for a prosthetic device:
0022 FIG. 6 depicts an exemplary movement trajectory
for a prosthetic device (with possible control actions shown at
each step):
(0023 FIG. 7 depicts experimental results of the BMI sys
tem of FIG. 1; and

0024 FIG. 8 depicts the BMI system's robustness to user
defined parameters.
DETAILED DESCRIPTION

0025 Broadly stated, embodiments are directed to a brain
machine interface (BMI) system that can translate neural
activity into goal directed behaviors. The BMI system allows
for the control of computers or prosthetic devices without
requiring knowledge of the physical actuation of the behav
iors. In particular, the BMI system implements reinforcement
learning (RL), instead of a Supervised learning (SL), to find a
functional mapping between neural activity and behavior
which completes goal-directed tasks. The RL framework pro
vides a mechanism of learning that is similar to operant con
ditioning of biological organisms because the learner is not
told what control actions to take, but must discover which

control actions yield the most reward through trial and error
learning. The BMI system through RL enables the learners
(both the BMI agent and BMI user) to interact with their
environment to maximize rewards.

0026. In the foregoing, a semi-supervised BMI control
architecture that uses reinforcement learning (RL) is pro
vided to find the neural state to motor mapping in goal
directed tasks though co-adaptation. The formulation of the
RL architecture is presented in the context of a BMI system
(RLBMI) that controls a prosthetic limb using a robot.
Experimental results and simulations can be provided for
controlling the endpoint position of the robot operating in a
three-dimensional workspace to reach a set of targets.
Embodiments of the BMI system are suitable for use with
paralyzed patients (or patients with other motor neuropathies)
that are unable to generate the movement trajectories neces
sary for BMI training.
(0027. Referring to FIG. 1, a BMI system 100 is shown.
The BMI system 100 can include a micro-electrode array 120
electro-chemically coupled to a neural structure of a subject
to capture neural activity in the neural structure, a prosthetic
device 130 that performs one or more behaviors for the sub
ject in accordance with the neural activity, and a Brain
Machine Interface (BMI) agent 110 operatively coupled to
the micro-electrode array 120 and the prosthetic device 130
that monitors one or more states 125 of the neural activity,
receives feedback associated with a behavior of the prosthetic
device, learns a functional mapping between the neural activ
ity and the one or more behaviors in view of the feedback, and
applies an control action 115 to the prosthetic device inaccor
dance with the learning to control the prosthetic device for a
targeted behavior.
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0028. The BMI agent 110 can include a detection system
111 communicatively coupled to the micro-electrode array
120 to determine neural firing rates from the neural activity,
an analysis system 112 communicatively coupled to the
detection system 111 to determine the states from the neural
firing rates and asses one or more rewards 135 associated with
a behavior of the prosthetic device 130, and a controller 113
to apply one or more control actions 115 to the prosthetic
device 130 to adjust the behavior of the prosthetic device 130
in accordance with the learned State-action value function.

0029. The detection system 111 can include an array of a
plurality of electrodes forming a multi-site array 120 to
record neural activities, and a spike Sorter to extract neural
firing features from the neural activities and distinguish
between neurons generating the neural activities. The analy
sis system can evaluate the detected and collected neuro
physiological signals and perform a real-time control action
of neuron firing features, and from the neuron firing features
determine the states associated with the one or more rewards

135. In one arrangement, the control action 115 is a relative
movement of a robotic appendage of the prosthetic device in
a three-dimensional coordinate space, and the target behavior
is a positioning of the robotic appendage along at least one
point of a three-dimensional trajectory in the three-dimen
sional coordinate space.
0030. In one embodiment, the BMI system 100 can be
used to help a patient control a prosthetic device, such as a
robotic appendage of a prosthetic limb. The micro-electrode
120 can be placed on a neural structure (e.g. brain tissue) of
the patient to record neural signals which are sent to the BMI
agent 110. The BMI agent 110 can send control actions to the
robot appendage to control a movement of the prosthetic limb
in accordance with the neural signals. The control actions can
be a relative movement of the prosthetic limb in a three
dimensional coordinate space (e.g. up, down, left, right). The
patient can observe the prosthetic limb movement and
attempt to direct the prosthetic limb to perform a target behav
ior, such as moving to a specific location. The BMI agent 110
can generate a functional mapping between one or more
states of the neural signals and the one or more controlactions
using RL techniques.
0031. The BMI agent 110 can be considered a model for
conducting a task (through RL or other methods) to achieve a
goal. The states 125 of the environment and rewards 135
gained teach the BMI agent 110 an optimal selection “policy”
or state-action value. The policy interprets the state-action
value to select control actions. The BMI agent 110 can assess
the rewards 135 during the controlled movement to update the
functional mapping. A positive reward 135 is associated with
a targeted behavior of the prosthetic limb, such as a controlled
positioning. The rewards 135 are application and context
specific; can be established by the BMI designer (manually or
through a detection system). As an example, the rewards 135
can be established for moving the prosthetic limb along a
motion trajectory in a controlled manner. Note, the reward
can also be brain extracted rewards where it is likely that a
detection system can be used to convert firing rates to
expected rewards.
0032. In a BMI experimental paradigm, wherein an animal
test Subject (e.g. rat) is used, the BMI designer has access to
the environment, the control actions, the rewards, and also the

real animal brain signals, i.e. one can observe the spatio
temporal activation of brain states (indirectly related to the
environment) as the animal seeks a goal or the completion of
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a task. Relative to the agent (i.e. BMI agent 110), neural
activity is external to and can not be directly modified; hence
it can be considered part of the environment. The BMI agent
110 uses information in the neural signal to create movement
commands (control actions) for a robot (or prosthetic limb),
and strives to learn the optimal neural state 125 to control
action 115 mapping.
0033 FIG. 2 illustrates a novel BMI architecture where
the animals (e.g. rat) neural signal is part of the environment.
More specifically, the BMI system implementing the archi
tecture defines the State, control actions occur in a discrete

physical space (a separate portion of the environment), and
the RLBMI algorithm serves as the agent. In closed-loop
testing, the animal can see the control actions of the robot;
however, control actions do not directly influence the state of
their brain. This is a fundamental shift in RL architecture

because states are decoupled from control actions. In this
paradigm, the robot position is not included in the state vari
able because this information reduces the problem to a basic
grid-world where neural signal would be ignored. However,
the state may be augmented with other variables (e.g. pros
thetic limb feedback); an appropriately designed augmented
state may enhance RLBMI performance.
0034 RL also assumes that the state variable is a Markov
representation; therefore, instantaneous neural data must be
embedded in time to satisfy the Markov assumption. RL is
known to suffer from the curse of dimensionality and the
number of possible firing rate combinations is intractable in
neural firing rate data. To define the neural state of an animal
(e.g. rat), binned estimates of neural firing rates were used
from the forelimb area of primary motor cortex of a behaving
animal. The neural firing rates can also be used to characterize
the neural state of higher species (e.g. humans) for perform
ing aspects of the embodiments of the invention herein. While
there are other methodologies for quantifying neural activity,
there is experimental and neurophysiological Support for the
theory that the brain utilizes rate coding. Additionally, there is
evidence that the motor cortex provides a representation of
the state of the motor control environment that supports this
approach. To define similar temporal sequences in neural
states, the analysis system 112 first segments the animal's
neural signals. For the animal (e.g. rat), the average trial-start
to perform a task was approximately 1200 ms. Segments
(1200 ms) of neural data were extracted from reward-earning
trials. Each segment was defined relative to the animal's
movement stop (pre-reward), the final 200 ms of the segments
were excluded to account for nervous system to muscle con
duction time. Trials shorter than 1200 ms were excluded. And

equal left and right trials were required in the final dataset for
balancing; the longest trials were excluded to balance the trial
distribution.

0035. The embodiments hereincan model as a cooperative
RL task the interaction of a paralyzed patient with an intelli
gent BMI prosthetic performing tasks in the environment
both from the user's and the BMI's perspective. Users con
sider themselves the agent and act through the BMI to accom
plish tasks (e.g. reach a glass of water) in the environment
(e.g. the prosthetic, a glass of water). The user considers the
positions of the prosthetic and the glass to be the environ
ment's state. Since users can not move, their actions are a high
level dialogue (neural modulations) with the BMI and the
user may define reward as reaching the glass of water. The

US 2010/O 137734 A1

user seeks to learn a value for each action (neural modulation)
given the relative position of the prosthetic (state) and the goal
in order to achieve rewards.

0036. The BMI controller defines the learning task differ
ently. It considers itself the agent and acts through the pros
thetic to accomplish tasks (e.g. reach the glass of water) in the
environment (e.g. the user, the prosthetic). The BMI control
ler considers the environment's state to be the user's neuro

modulation, where it is assume that the user's spatio-temporal
neuronal activations reflect his or her intentions based on

perception of the prosthetic. The BMI controller must
develop a model of its environment (through observation of
neuromodulation) to Successfully interpret user intent. The
BMI control agent's actions are movements of the prosthetic
and rewards are defined in the environment based on the

user's goals. Although in the ultimate implementation of a
neuroprosthetic, the goal states could be also translated from
the subject intent, the first step is to demonstrate feasibility by
providing the BMI agent rewards based on the prosthetic
position in the 3-D environment. These rewards should coin
cide with the user's goal (i.e. assign rewards for reaching the
glass). The BMI controller seeks to learn values for each
action (prosthetic movement) given the user's neural modu
lations (state) in order to achieve rewards.
0037. The RLBMI architecture creates an interesting sce
nario where there are two “intelligent systems’ in the loop.
Both systems are learning to achieve rewards based on their
own interpretations of the environment. The RLBMI must
both facilitate prosthetic control for the user and adapt to the
learning of both systems such that they act symbiotically.
FIGS. 1 and 2 show this RL framework for BMI. Although the
user is also learning, embodiments herein focus on the design
and testing of the BMI controller. Therefore, any future use of
the term BMI agent refers to the BMI control algorithm.
0038. The analysis system 112 incorporates data segmen
tation for demonstrative purposes. Other cues from the envi
ronment or patient can be used to develop a start-stop signal,
and segment the data without requiring patient movement.
Further experimental testing has shown that the system does
not require a balanced trial distribution the RLBMI still had
~80% accuracy with a 25% difference in the trials per side.
Additionally, using this RLBMI architecture in higher spe
cies (e.g. humans) may reduce the amount of data preprocess
ing that is currently necessary in rats.
0039 FIG. 3. presents an exemplary method for BMI con
trol. The method 300 can include more or less than the num

ber of steps shown, and is not limited to the order of the steps.
The exemplary method can start in a state wherein a subject
(e.g. animal) is fitted with a microelectrode implant con
nected to a BMI agent and a prosthetic device as shown in
FIG. 2. At step 302, the microelectrode 120 captures neural
signals in a neural structure of the Subject during a mental task
by the subject to control a prosthetic device 130. In one
arrangement, the mental task can be a motor-movement
related task to control an appendage, for example a non
paralyzed patient that has control of an appendage. In another
case, the mental task can performed and captured even if the
patient cannot physically move the appendage. For example,
in the case of an amputee or paralyzed patient, the mental task
is to contemplate moving the appendage though the append
age is missing. The micro-array 120 can capture task related
neural modulations even in the absence of movement. As

another example, the patient may have a disabled appendage
capable of receiving low-level sensory neural signals, though
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without full range of motion. The BMI agent 110 can map the
range of mental control movement to a wider range of physi
cal motion. At step 303, the BMI applies the control action
115 to the prosthetic device in accordance with the learning to
control the prosthetic device for a targeted behavior. At step
304, the BMI agent 110 receives feedback associated with a
behavior of the prosthetic device 130 responsive to the con
trol, and identifies one or more states 125 in the neural signals.
At step 306, the BMI agent 110 learns a functional mapping
between the mental task corresponding to the states 125 and
the behavior of the control actions 115 in view of the feed
back.

0040 FIG. 4, shows a neural network 400 of the analysis
system which can generate a functional mapping between the
states 125 and the control action 115 of the prosthetic device
using reinforcement learning (RL). More specifically, the
neural network incorporates RL to earn an association
between the States 125 and the control action 115. The BMI

agent 110 co-adapts with the Subject's learning experience in
controlling the prosthetic. The term co-adaptation referrers to
two systems learning; the computational agent (e.g. neural
network, Bayesian net) 400 and the Subject (e.g. rat, patient).
0041. The neural network 400 can include a Gamma struc
ture front-end 310 with arbitrary time varying Gamma weight
kernels receiving as input neural signals, a set of processing
elements interconnected by weights in a lattice structure 320,
and a e-greedy policy back-end 330 to evaluate exploratory
control actions of the prosthetic device that produce a targeted
behavior. The neural network 400 can learn from sequences
of state-control action pairs using Watkins Q(W) reinforce
ment learning (RL). Watkins Q(w) learning is an off-policy
learning method that can follow an e-greedy (sometimes
exploratory) policy yet learn a greedy policy. The neural
network 400 also assesses the rewards for updating the
weights in the lattice 320. As an example, the gamma struc
ture (K=2, w=0.3) was used to preserve -665 ms of firing rate
history. The neural network 400 combines the gamma
memory with a multi layer perceptron (MLP) to provide
spatio-temporal segmentation. As an example, the neural net
work 400 can contain H nonlinearities and linear output pro
cessing elements (PE) associated with control actions (e.g.
up, down, left, right movement). The neural network can
implement various weight update techniques such as those
that use a minimum square error criterion with back-propa
gation to update the weights during learning.
0042. Referring to FIG. 5, an exemplary set of possible
control actions for the robot (e.g. prosthetic limb) are shown.
FIG. 6 illustrates a movement trajectory of the robot along
one or more points in a three-dimensional space. A reward is
generated when a positioning of the robot (e.g. prosthetic
limb) corresponds to a targeted behavior (e.g. intended posi
tioning along a point of the trajectory). The environment (e.g.
three-dimensional space) of the robotic movement is divided
into discrete grid nodes. In the illustration, there are 27 pos
sible control actions in the three-dimensional space: 1 unit in
any single direction, 0.7 units in any direction pairs (diagonal
moves), and 0.6 units in any direction triples (see FIG.3). The
scales for multi-dimension moves are necessary to restrict all
control action vectors to the same length. In two (three)
dimensions, a one-unit long vector at 45° to the axes, projects
0.7071 (0.5774) units on each axis. Notably, the number of
control actions and the magnitude and direction of the control
actions are application dependent and can include more or
less than those shown. When the robot reaches a target loca
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tion a positive reward is generated, the trial ends, and the
robot is reset to the initial position. Each control action prior
to reaching a lever generates a negative reward to encourage
minimizing trial length.
0043 Referring back to FIG.4, the neural network or other
adaptive system 400 can be trained on-line or offline with
temporal-difference error and eligibility traces via back
propagation. The initial weights can be set to Small, random
values. The estimated neural firing rate history is the input
(state 125) to the network (e.g. neural signals) wherein each
output PE represents the value of one control action 115 (e.g.
prosthetic device movement). In the exemplary embodiment,
46 segments (trials) of the neural data are used to train the
neural networks, 16 segments are reserved for testing. The
neural network 400 can learn from sequences of state-control
action pairs (e.g. state 125 and control action 115) using
Watkins Q(V) reinforcement learning (RL). However, the
RLBMI can incorporate more sophisticated RL algorithms.
Q( ) learning is an off-policy RL method that learns from
sequences of state-control action pairs (See eqn. 1 below for
the parameter update equation). See "Reinforcement Learn
ing: an introduction” by R. S. Sutton and A.G. Barto, 1998 for
further background information.
Q is the estimated State-control action value, dO is the weight
change in the network approximating Q. S is the state 125, e is
the control action 115, C. is the learning rate, Y is the discount
ing factor, e is the eligibility trace, and W is the trace-decay
parameter. The algorithm follows an e-greedy policy. The
value function is updated online; if RL parameters are appro
priate, Q(w) converges to the optimal policy.
0044 FIG. 7 presents experimental results of the prelimi
nary performance of the RLBMI system using rat neural data.
FIG. 7 illustrates that the RLBMI can achieve goal directed
movements of prosthetic limbs greater than 80% of the time
for the conducted rat experiments. Test set performance of the
RLBMI for two and three dimension grid environments are
also shown in FIG. 7. FIG. 7 also shows the null hypothesis:
that RL can learn from random state presentations and solve
the task. The spatial and temporal relationships in the neural
data are randomized to create a Surrogate data set to test this
null hypothesis. The surrogate data was tested with the best
neural data parameter set.
0045. The null hypothesis is disproved by the performance
of the surrogate data. RLBMI can memorize the surrogate
training data, but does not generalize to novel data. This
suggests that RLBMI exploits movement-related information
present in the spatio-temporal activation of the neural signal.
RLBMI does generate a sequence of control actions, creating
a trajectory in the prosthetic limb space. Although it may be
desirable, there is no requirement that this artificial trajectory
should match the kinematics of a natural limb. The path of the
prosthetic limb is arbitrarily designated based on the reward
distribution and must only match the timing of the natural
limb trajectory. RLBMI potentially can learn a new trajectory
for each neural modulation patter.
0046 FIG. 8 shows the BMI system's robustness to user
defined parameters. In particular the plot shows that PR is
fairly robust to w and C. selection, though all of the possible
RLBMI parameter set combinations were not experimentally
evaluated.

0047 Upon reviewing the aforementioned embodiments,
it would be evident to an artisan with ordinary skill in the art
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that said embodiments can be modified, reduced, or enhanced

without departing from the scope and spirit of the claims
described below. There are numerous configurations for other
media services that can be conceived for configuring media
resources in a media network that can be applied to the
present disclosure without departing from the scope of the
claims defined below. For example. The BMI system can be
implemented by a computer or within a prosthetic limb for
rehabilitation of humans with movement disabilities. As

another example, the neural signals can be captured from
other recording methods including Electrocorticography
(ECoG), Electroencephalgoraphy (EEG), or any other neu
rophysiological or electro-based data acquisition technique.
Additionally, the architecture can be incorporated into other
BMI control schemes, and can serve as a Switching mecha
nism on a mixture-of-experts system for choosing appropri
ate control experts. The RLBMI generates a sequence of
control actions, creating a trajectory for a computer or pros
thetic limb. Although it may be desirable, there is no require
ment that this artificial trajectory should match the kinematics
of a natural limb and therefore can greatly expand the reper
toire of available control schemes for a wide variety of appli
cations. The path of the prosthetic limb is arbitrarily desig
nated based on the reward distribution and must only match
the timing of patient's neural modulation. These are but a few
examples of modifications that can be applied to the present
disclosure without departing from the scope of the claims
stated below. Accordingly, the reader is directed to the claims
section for a fuller understanding of the breadth and scope of
the present disclosure.
0048 Detailed embodiments of the present method and
system have been disclosed herein. However, it is to be under
stood that the disclosed embodiments are merely exemplary,
and that the invention can be embodied in various forms.

Therefore, specific structural and functional details disclosed
herein are not to be interpreted as limiting, but merely as a
basis for the claims and as a representative basis for teaching
one skilled in the art to variously employ the embodiments of
the present invention in virtually any appropriately detailed
structure. Further, the terms and phrases used herein are not
intended to be limiting but rather to provide an understand
able description of the embodiment herein.
0049. Where applicable, the present embodiments of the
invention can be realized in hardware, software or a combi

nation of hardware and Software. Any kind of computer sys
tem or other apparatus adapted for carrying out the methods
described herein are suitable. A typical combination of hard
ware and Software can be a mobile communications device

with a computer program that, when being loaded and
executed, can control the mobile communications device
such that it carries out the methods described herein. Portions

of the present method and system may also be embedded in a
computer program product, which comprises all the features
enabling the implementation of the methods described herein
and which when loaded in a computer system, is able to carry
out these methods.

0050. The term “processing can be defined as number of
Suitable processors, controllers, units, or the like that carry
out a pre-programmed or programmed set of instructions. The
terms “program.” “software application.” and the like as used
herein, are defined as a sequence of instructions designed for
execution on a computer system. A program, computer pro
gram, or software application may include a Subroutine, a
function, a procedure, an object method, an object implemen
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tation, an executable application, a source code, an object
code, a shared library/dynamic load library and/or other
sequence of instructions designed for execution on a com
puter system.

0051. For example, the above-discussed embodiments
may be implemented using Software modules which perform
certain tasks. The Software modules discussed herein may
include script, batch, or other executable files. The software
modules may be stored on a machine-readable or computer
readable storage medium Such as a disk drive. Storage devices
used for storing software modules in accordance with an
embodiment of the invention may be magnetic floppy disks,
hard disks, or optical discs such as CD-ROMs or CD-Rs, for
example. A storage device used for storing firmware or hard
ware modules in accordance with an embodiment of the

invention may also include a semiconductor-based memory,
which may be permanently, removably or remotely coupled
to a microprocessor/memory system. Thus, the modules may
be stored within a computer system memory to configure the
computer system to perform the functions of the module.
Other new and various types of computer-readable storage
media may be used to store the modules discussed herein.
0052 While the preferred embodiments of the invention
have been illustrated and described, it will be clear that the
embodiments of the invention are not so limited. Numerous

modifications, changes, variations, Substitutions and equiva
lents will occur to those skilled in the art without departing
from the spirit and scope of the present embodiments of the
invention as defined by the appended claims.
What is claimed is:

1. A Brain Machine Interface (BMI) agent that when opera
tively coupled to a subject during a mental task to control a
prosthetic device, monitors one or more states of neural activ
ity of the subject, receives feedback associated with a behav
ior of the prosthetic device responsive to the control, learns a
functional mapping between the mental task and the behavior
in view of the feedback, and applies at least one control action
to the prosthetic device in accordance with the learning to
maneuver the prosthetic device for a targeted behavior.
2. The BMI agent of claim 1, wherein the BMI agent
co-adapts with the subject learning BMI control and receives
feedback from an environment, a prosthetic, or a brain.
3. The BMI agent of claim 1, comprising:
a detection system to detect and collect neurophysiological
signals comprising action potentials of single or
ensembles of neurons in a neural structure;

an analysis system to determine the states of the neuro
physiological signals and asses one or more rewards
associated with the behavior of the prosthetic device:
and

a controller that applies the at least one control action to the
prosthetic device to adjust the behavior of the prosthetic
device in accordance with the functional mapping.
4. The BMI agent of claim 3, wherein the analysis system
comprises:
a neural network that generates a functional mapping
between the states and the at least one control action of

the prosthetic device using reinforcement learning (RL)
to learn an association between the states and the at least
one control action.

5. The BMI agent of claim 3, wherein the neural network
uses the one or more rewards to update a learning of the
functional mapping, wherein the reward is provided respon

Jun. 3, 2010

sive to a controlled movement of the prosthetic device, and
the state is a spatio-temporal neural firing pattern.
6. The BMI agent of claim 1, wherein the adaptive system
comprises a time embedding front-end with arbitrary time
varying delay.
7. The BMI agent of claim 6, wherein the adaptive system
is a neural network that comprises a time embedding Gamma
structure front-end with arbitrary time varying delay using
Gamma weight kernels or any other time embedding struc
ture.

8. The BMI agent of claim 1, wherein the neural network
comprises e-greedy policy back-end to attempt exploratory
control actions of the prosthetic device that produce a targeted
behavior.

9. The BMI agent of claim 1, wherein the neural network
learns from sequences of state-control action pairs using Wat
kins Q(W) reinforcement learning (RL) or any other RL learn
ing technique.
10. The BMI agent of claim 1, wherein the detection sys
tem comprises
an array of a plurality of electrodes forming a multi-site
array to record neural activities; and
a spike sorter to extract neural firing features from the
neural activities and distinguish between neurons gen
erating the neural activities.
11. The BMI agent of claim 1, wherein the
analysis system evaluates the detected and collected neu
rophysiological signals and performs a real-time control
action of neuron firing features, and from the neuron
firing features determine the states of neural activity, and
associates the one or more states with the at least one

control action that produces rewards.
12. The BMI agent of claim 1, wherein the at least one
control action is a relative movement of a robotic appendage
of the prosthetic device in a three-dimensional coordinate
space, and the target behavior is a positioning of the robotic
appendage along at least one point of a three-dimensional
trajectory in the three-dimensional coordinate space.
13. A neural prosthetic system comprising:
a micro-electrode array electro-chemically coupled to a
neural structure of a subject to capture neural activity in
the neural structure;

a prosthetic device that performs one or more behaviors for
the Subject in accordance with the neural activity; and
a Brain Machine Interface (BMI) agent operatively
coupled to the micro-electrode array and the prosthetic
device that monitors one or more states of the neural

activity, receives feedback associated with a behavior of
the prosthetic device, learns a functional mapping
between the neural activity and the one or more behav
iors in view of the feedback, and applies at least one
control action to the prosthetic device in accordance
with the learning to maneuver the prosthetic device for a
targeted behavior.
14. The neural prosthetic system of claim 13, wherein the
BMI agent comprises:
a detection system communicatively coupled to the micro
electrode array to determine neural firing rates from the
neural activity;
an analysis system communicatively coupled to the detec
tion system to determine the states from the neural firing
rates; and
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a controller to apply the at least one control action to the
prosthetic device to adjust the behavior of the prosthetic
device in accordance with the functional mapping.
15. The neural prosthetic system of claim 13, wherein the
prosthetic device is a robotic appendage, and the BMI agent
controls the robotic appendage in a three-dimensional coor
dinate space in accordance with the one or more states of the
neural activity.
16. The neural prosthetic system of claim 13, wherein the
targeted behavior is a positioning of the robotic appendage
along at least one point of a three-dimensional trajectory in
the three-dimensional coordinate space.
17. The neural prosthetic system of claim 13, wherein the
analysis system comprises:
a state-action value estimator that comprises a neural net
work or other adaptive system that generates the func
tional mapping between the states and the control action
of the prosthetic device using reinforcement learning
(RL) to learn an association between the one or more
states and the at least one control action.

18. The neural prosthetic system of claim 17, wherein the
neural network comprises a time embedding structure com
prising a Gamma structure front-end with arbitrary time vary
ing Gamma weight kernels; and
a e-greedy policy or other policy back-end to evaluate
exploratory control actions of the prosthetic device that
produce a targeted behavior,
wherein the state-action value estimator comprises a neural
network that learns from sequences of state-control
action pairs using Watkins Q(W) reinforcement learning
(RL).
19. The neural prosthetic system of claim 13, wherein the
neural structure is selected from the group consisting of the
motor-cortex, limbic system, sensory cortex, parietal cortex,
cerebellum, red nuclei, basil ganglia, hippocampus, entorhi
nal cortex, CA1., CA2, CA3, dentate, and hippocampal com
missure.

20. The neural prosthetic system of claim 13, wherein the
BMI agent is at least one among a Digital Signal Processor, an
Application Specific Integrated Circuit (ASIC), a program
mable memory, a Random Access Memory (RAM), and a
Read Only Memory (ROM).
21. A method for Brain Machine Interface (BMI) control,
the method comprising:
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capturing neural signals in a neural structure of a subject
during a mental task by the Subject to control a prosthetic
device;

receiving feedback associated with a behavior of the pros
thetic device responsive to the control;
learning a functional mapping between the mental task and
the behavior in view of the feedback; and

applying at least one control action to the prosthetic device
in accordance with the learning to control the prosthetic
device for a targeted behavior.
22. The method of claim 21, wherein a state-action value

estimator comprising a neural network receives as input the
neural signals and one or more rewards associated with the
behavior of the prosthetic device, and adapts one or more
weights of the neural network using reinforcement learning to
associate one or more states of the neural activity with the at
least one control action of the prosthetic device.
23. The method of claim 22, further comprising pre-pro
cessing the neural signals with a non-linear gamma time
delay kernel prior to input to the state-action value estimator.
24. The method of claim 22, further comprising imple
menting a greedy policy back-end to evaluate control actions
of the prosthetic device that produce a targeted behavior.
25. The method of claim 22, wherein the neural network

controls an endpoint position of a robotic appendage of the
prosthetic device operating in a three-dimensional space to
reach a set of targets.

26. The method of claim 22, wherein the one or more

rewards identify positions of the robotic appendage in the
three-dimensional space, and a positive reward is generated
when the robotic appendage reaches a target location.
27. The method of claim 26, wherein an adaptive system or
the neural network is trained using semi-Supervised learning
with inputs corresponding to the one or more input states of
the neural signals and outputs corresponding to the positions
of the robotic appendage.
28. The method of claim 27, wherein the adaptive system or
the neural network learns from sequences of state-control
action pairs that generate movement trajectories of the robotic
appendage.
29. The method of claim 21, wherein the neural signals are
captured via at least one among Electrocorticography
(ECoG) and Electroencephalgoraphy (EEG)
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